Abstract. Biomass burning plays a significant role in air pollution and climate change. In this study, we used the method based on fire radiative energy (FRE) to develop a biomass burning emission inventory for China from 2003 to 2017. Daily fire radiative power (FRP) data in 1 km MODIS Thermal Anomalies/Fire products (MOD14/MYD14) were used to calculate FRE and combusted biomass. Available emission factors were assigned to four land-cover types: forest, cropland, grassland and 10 shrubland. The farming system and crop types in different climate zones were taken into account in this research. Compared with traditional methods, the FRE method was found to provide a more reasonable estimates of emissions from small fires.
multiplying FRE by a specific conversion ratio, which was not significantly influenced by vegetation types (Wooster et al., 2005) :
Where M is the dry biomass consumed of one grid cell, FRE is the total radiative energy during the fire lifespan for one grid cell, and CR is the conversion ratio (kg MJ . In this study, we used the average value (0.411 kg MJ -1 ).
FRE was estimated by integrating FRP (i.e. instantaneous FRE) over the duration of the fire process. In this study, FRP data from MODIS active fire products were used. The MODIS sensors, onboard the polar-orbiting satellites Terra and Aqua, acquire four discrete FRP data at 1030 and 2230 (Terra) and 0130 and 1330 (Aqua), equatorial local time. 
Where FRPpeak represents the peak of the diurnal cycle, b represents the background FRP, σ represents the standard deviation 20 of the curve, and h represents the hour of peak FRP.
In this study, we used monthly T/A ratio to determine the parameters in the function. The empirical relationship between these variables and T/A ratio could be found in Vermote et al. (2009) . It is important to note that the origin formula of calculating h Biogeosciences Discuss., https://doi.org/10.5194/bg-2018-468 Manuscript under review for journal Biogeosciences Discussion started: 6 December 2018 c Author(s) 2018. CC BY 4.0 License.
could not provide reasonable estimations. Although it has been pointed that the variable h has little effect on the final calculation of FRE, we decided to add a parameter ε that was introduced by Liu et al. (2015) in order to modify FRP peak hour.
The modified equation was:
Where x represented the monthly T/A ratio. 5
Data
The MODIS Thermal Anomalies/Fire 5-Min L2 Swath Products (MOD14/MYD14) were derived from MODIS 4-and 11-micrometer radiances. The products provide the location, FRP and other information of fire events with moderate spatial resolution (1 km 2 ) and high temporal resolution (daily). MOD14 data were obtained from Terra, which passes at 10:30 and 22:30 local time (LT), and MYD14 data were provided by Aqua, which acquires observations at 01:30 and 13:30 LT. We used 10 data for a 15-year period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) (2017) to calculate FRE and estimate emissions.
The GlobCover 2009 land cover product, which is processed by the European Space Agency (ESA) and the Université Catholique de Louvain (Bicheron et al., 2008) , was applied to differentiate land-cover types. GlobCover 2009 is the most detailed map of Earth land surface with a spatial resolution of 300 m (Arino et al., 2008) . In this study, we grouped the 22 land-cover types provided by the product into five broad types: forest, shrubland, grassland, cropland, and others ( Figure S1 ). 15
We combined the land-cover map of China and the latitude and longitude data of fire count provided in MOD14/MYD14 to determine the fire types. For instance, if a fire count is detected in cropland area, then it will be considered as a crop residue burning event.
To compare the results, we also computed the pollutant emissions using data derived from MODIS burned area products . These results will be discussed in detail in Section 3.2.
Spatial distribution of emissions
Average annual emissions of 11 pollutants at the provincial level were listed in Table 2 , and source-specific emissions of CO2 for each province were presented in Fig.1 . Using CO2 as a representative example, southwestern and northeastern China were 15 the most significant emitters, contributing 52 % to the total emissions, most of which were derived from forest and grassland fires. The result was in connection with rural population intensity and land use patterns (Qiu et al., 2016) . For example, the highest emission amount was found in Heilongjiang due to its abundant forest and grassland resources in Daxing'anling and Xiaoxing'anling. The southwestern region, on the Yunnan-Guizhou Plateau, was also densely forested. Careless fire starting and unfavorable weather in dry seasons could easily lead to severe forest fires (Lintao, 1999) . Approximately 80 % of fire 20 emissions in central and northern regions were derived from agricultural fires. Benefiting from fertile land and favorable climate, these two regions contain several major agricultural provinces, such as Shandong, Henan, Hunan, and Anhui Provinces, where large amounts of crop residues were burned during harvest seasons. Southeastern provinces in the Middle-Lower , respectively. Vegetation in these areas consisted of grass and a few droughtresistant crops; hence, an extremely high proportion (97 %) of CO2 emissions in the northwest arose from grassland and 5 cropland fires.
Nationwide allocation of CO2 emissions from four sources was shown in Fig. 2 (excluding biomass fire emissions from the small islands in the South China Sea). Forest and grassland fire emissions were clearly mainly distributed in northeastern and southern China. These regions were dominated by landforms that are favorable for growing trees and grass, including high plateaus (e.g., Yunnan-Guizhou Plateau, Inner Mongolian Plateau), mountain ranges (e.g., Daxing' anling, Xiaoxing'anling) 10 and hills (e.g., the southeast hills). High-intensity cropland fire emissions occurred in the three great plains of China: the Northeast China Plain, the North China Plain, and the Middle-Lower Yangtze Plain. Due to high crop production in these areas, great amounts of agricultural residues were burned in fields during the short period following the harvest season. Due to snowmelt in the Tianshan Mountains, there are many oases at the foot of the mountain range in Xinjiang Province. These oases are suitable for growing crops such as wheat and maize (Zhou et al., 2017) . Therefore, crop fire emissions in Xinjiang 15 were higher than those in other northwestern provinces in China. Finally, emissions from shrubland fire were concentrated in the south due to bush growth.
Temporal pattern of emissions
The annul variations of total and source-specific CO2 emissions were presented in (2015) showed that a large portion of forest fires in spring were caused by "paper money" burning in Tomb-sweeping Day (April 5). The emission of 11.13 Tg CO2 in June (78 % of total emissions) was due to agricultural fires. The lowest emissions occurred during midsummer and early autumn (July, August, and September), producing 2.8, 2.3, and 2.0 Tg CO2, respectively. These low values may be resulted by the plentiful precipitation, which reduced fuel flammability. An emission peak was detected in late 20 autumn, which could be attributable to crop harvest and weather conditions that easy to induce combustion in forest and grassland, just like that in spring. Winter emissions, which chiefly arose from forest and grassland fires, were lower than those in spring and late autumn, but higher than those in summer. Fires in winter were concentrated in southern China due to low precipitation and mild temperatures. In contrast, boreal forests rarely burned due to low temperatures and moist snow cover. As shown in Fig.4 , except for agricultural fire, other fire types including forest, grassland, and shrubland fires exhibited similar temporal allocation, i.e., higher emissions in spring, late autumn and winter and lower emissions in summer. This pattern was strongly affected by unfavorable weather conditions. However, emissions from crop burning exhibited clear seasonal variation 5 that was closely related to agriculture activities. High emissions occurred in early summer, and small peaks were detected in spring and autumn. Different staple crops and sowing/harvest times in different areas could lead to multiple emission peaks (Jin et al., 2018; Zhou et al., 2017) . From March to May, as large amounts of crop residues were burned to clear the cultivated land for later sowing, fires were scattered throughout the country. During summer, crop burning was concentrated in the North China Plain due to winter wheat and maize straw combustion. During autumn (especially October), second-round rice straw 10 burning in south China was a primary contributor, and small areas of maize residue burning were detected in north China (Chen et al., 2017) . During winter, crop burning occurred most frequently in southern China, perhaps due to burning activity prior to soybean sowing (Zhou et al., 2017) .
Comparison with other studies
The average annual emission estimates produced in this study were compared to those based on data from the MCD64A1, 15 GFED4s, GFASv1.0, and FINNv1.5 (Table 3) . Generally, our results were closed to those from GFED4s and GFASv1, indicating that this method produced a reasonable estimation. However, estimates based on the burned area product were lower than our results. The high omission rate of small fires could be a dominant factor contributing to this discrepancy (Tansey et al., 2008) . Emission estimates by FINNv1.5 were higher than those of this study, with a difference ranging from 24 % to 172 %. This result was consistent to a study by Wiedinmyer et al. (2011) , which suggested that FINNv1 tends to predict higher 20 emissions for Southeast Asia.
A comparison of average emissions from four fire types was presented in Table 4 (shrubland and grassland fires are lumped into one category in GFED4s). Due to shielding by the dense canopy (Moreira de Araújo et al., 2012; Roy and Boschetti, 2009) and high small-fire omission rates, emissions derived from burned area methods were underestimated by 72 %-92 %, Biogeosciences Discuss., https://doi.org/10.5194/bg-2018-468 Manuscript under review for journal Biogeosciences Discussion started: 6 December 2018 c Author(s) 2018. CC BY 4.0 License.
especially for shrubland fire (-92 %) and cropland fire (-92 %) emissions. Our results were slightly higher than those of GFED4s for forest and grassland fire but lower than those of GFED4s for cropland fire emissions. Datasets in GFED4s are based on burned area boosted by small fire burned area, which could provide a relatively high emission estimation of agricultural fires. FINNv1.5 emission estimates were higher for forest and shrubland, perhaps due to the burned area assumption (Song et al., 2009 ) and land cover identification (wood grassland was lumped in shrubland category). Estimates of 5 grassland and cropland fire emissions in FINNv1.5 were similar to our results, with differences of -20 % and 21 %, respectively.
In conclusion, our estimates were higher than those based on burned area products due to lower uncertainties from parameters and more reasonable estimates of small fire emissions. These results were similar to those from FINNv1.5 in terms of emissions from grassland and cropland fires and very close to those from GFED4s and GFASv1 for all fire types. Therefore, this method developed an inventory with higher spatiotemporal resolution and improved estimation of biomass burning emissions, 10 especially for small fires in shrubland and cropland.
Uncertainty
Several sources of error impact the accuracy of our estimate. The first error source is related to the radiative energy diurnal cycle parameterization that impacts the calculation of FRE. In addition, the error in the fire detection and empirical formula for computing FRP have a considerable impact on the accuracy of FRE. The use of the conversion ratio in order to convert 15 FRE to combusted biomass is one of error sources as well. According to the error budget presented by Vermote et al. (2009), we assumed that the relative error of FRE and the conversion ratio was 31 % and 10 %, respectively. Since emission factors vary in time and space, they could bring about large uncertainties in the emission estimates. The uncertainty of the EF is species 
